ABSTRACT Due to the characteristics of uncertainty, multivariate, strong coupling, and non-linearity in the marine alkaline protease MP fermentation process, the realization of high-performance decoupling control has always been the goal. In this thesis, a nonlinear robust decoupling control method based on artificial bee colony algorithm and multiple least squares support vector machine inversion is proposed, which combines the inverse system method with support vector machine theory. First, the ''gray box'' dynamics model of marine alkaline protease MP fermentation process is developed based on the material balance relationship of the fermentation process, and the existence of the inverse system is analyzed. Second, the inverse model is constructed off-line using least squares support vector machine, and the inverse model is corrected on-line by artificial bee colony algorithm according to the model deviation. Finally, the inverse model is connected in series with the original system to form a combining pseudo-linear system, and according to the characteristics of the pseudo-linear system, the internal model controller is introduced to perform closed-loop control on the system. The simulation results show that the control method can realize dynamic decoupling control of marine alkaline protease fermentation process, and the system has strong parameter robustness and good anti-interference ability.
I. INTRODUCTION
Marine alkaline protease MP has the characteristics of low operating temperature, wide pH range, high activity at room temperature and slow decrease in activity with temperature, and has higher activity and stability in the environment of temperature less than 30 • C and pH range between 8 and 11. It solves the problem that the existing alkaline protease has low activity at room temperature and low temperature and has a large loss of activity under oxidant conditions [1] . These excellent enzymatic properties give marine alkaline protease MP a wide range of application space and good prospects for development, bringing new vitality and opportunities to fields
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In order to give full play to the unique enzymatic characteristics of marine alkaline protease MP and maximize its production efficiency and product quality, dynamic regulation and real-time optimization of marine alkaline protease are needed to control accurately that it can be produced under the optimum technological conditions. However, the fermentation process of marine alkaline protease MP is strongly coupled, highly complex nonlinear system. There are many parameters that need to be dynamically regulated during the growth and reproduction of mycelia and enzyme biosynthesis, and the relationship between these parameters is very complex, showing strong coupling and uncertainties. It is difficult to obtain good dynamic performance by conventional control methods, let alone optimization control. For example, in order to realize the optimal control of the fermentation process, the predictive control technology is used in the literature [3] , and the neural network is adopted in the literature [4] . Although the fermentation yield is improved to a certain extent, it does not fundamentally solve the multivariable strong coupling problem of the fermentation process [5] . It can only achieve the approximate static decoupling of fermentation process and fail to realize complete dynamic decoupling of the system, which is hard to meet the decoupling control requirements of nonlinear systems such as marine alkaline protease fermentation. Therefore, it has a great theoretical significance and application value to carry out the research on the decoupling control of marine alkaline protease MP fermentation process.
In recent years, the inverse system method, as a feedback linearization method for nonlinear systems, provides an effective mean for dynamic decoupling control of nonlinear systems due to its clear concept and simple method [6] , [7] . However, when using the inverse system method, it is necessary to know the mathematical model of the controlled object and the specific system parameters of the model, which is unreachable in practical research and application (marine alkaline protease MP fermentation process presents strong time-varying, coupling, nonlinear and difficult to model accurately). In addition, if the inverse system method is adopted, the inverse system of the original system (i.e., the mathematical expression describing the inverse system) needs to be obtained, which hinders the application of the inverse system method in decoupling control of complex nonlinear systems [8] . Aiming at the ''bottleneck'' problem in the application of the inverse system in fermentation process, some researchers combined the idea of intelligent control [9] with the inverse system method, using neural network to approximate the inverse system, and proposed the neural network inverse system method. The method was applied to the decoupling control of penicillin fermentation process, and good results have been achieved in application. It has played a good role in improving the inverse system method and its application in the fermentation process. However, the system model used in this method is a simplified model based on the Monod equation, ignoring many nonlinear factors, which is inconsistent with the actual fermentation process. And the traditional neural network method is based on the asymptotic theory that the number of samples tends to be infinite, but the number of samples in the actual problem is often limited, especially the strong coupling, large lag complex nonlinear system as the marine alkaline protease fermentation process, it is extremely difficult to obtain accurate sample data. Therefore, in the case of small samples, the study of intelligent control methods suitable for marine alkaline protease fermentation process (multi-parameter, strong coupling system) and easy to implement in engineering has important theoretical significance and broad application prospects for the application and promotion of inverse system in microbial fermentation process.
To solve these problems, a robust decoupling control method is proposed for marine alkaline protease MP fermentation process in this theses. The thesis is divided into five parts, in the first part, the thesis establishes a ''gray-box'' dynamic model of marine alkaline protease MP fermentation process according to the material balance relationship. In the second part, the existence of the inverse system is analyzed, aiming at the multivariable nonlinear model. In the third part, the inversion model based on ABC-MLSSVM is obtained by off-line identification of least squares support vector machine (LSSVM) and on-line optimization of artificial bee colony algorithm (ABC) [10] - [12] , and the inversion model is connected in series with the original system to form a combining pseudo-linear system. In the fourth part, taking the improvement of fermentation process control accuracy as performance index, and considering uncertain factors such as field interference, modeling error and parameter disturbance, the internal model control method is adopted to design feedback controller with strong anti-interference and robustness. In the fifth part, the simulation and verification is carried out taking the marine alkaline protease MP fermentation process in the laboratory as the example, the simulation results demonstrate that the proposed method can complete the feedback linearization of nonlinear coupled systems and has strong parameter robustness and good anti-interference ability.
II. FERMENTATION PROCESS MODELING AND REVERSIBILITY ANALYSIS

A. DYNAMICS MODEL OF FERMENTATION PROCESS
Marine alkaline protease MP fermentation process is usually carried out in a bioreactor. The basic mathematical model describing its biological process can be calculated by the material balance equation of various substances (mycelia, restrictive substrate, protease, oxygen, H + and so on). In this thesis, taking the fed-batch fermentation process of marine low-temperature alkaline protease MP as an example, assuming that the concentrations of mycelia and enzyme in various feeding liquids of marine alkaline protease MP fermentation process are 0, the state parameters of fermentation process (concentration of each substance) are taken as dependent variables of differential equation, and time t as independent variable or independent variable, a kinetic model is developed based on the material balance relationship of various substances in the fermentation process.
where: x ∈ {X , S, P, C L , pH}, X , S, P, C L , pH, V are biomass concentration, substrate concentration, relative enzyme activity, dissolved oxygen concentration, pH value, and the volume of the fermentation broth. λ is the specific rate of each substance. In order to supplement the nutrients needed during marine alkaline protease MP fermentation and increase the yield of protease, it is necessary to add carbon source, nitrogen source, VOLUME 7, 2019 inorganic salt, and enzyme-producing promoter at a certain rate. The carbon source is mainly provided by glucose; Nitrogen source is provided by ammonia water; Inorganic salts are provided by ammonium sulfate and potassium dihydrogen phosphate; Enzyme-producing promoter is polysorbate 80 (Tween-80). The volume V of fermentation broth is changed by the addition of nutrients and enzyme-producing promoter. The equilibrium equation is as follows:
where: f c , f nh , f s , f p and f tw are respectively the liquid feeding speeds of glucose, ammonia, ammonium sulfate, potassium dihydrogen phosphate (KDP) and enzyme-producing promoter (Tween-80).
Researchers found that the growth of enzyme producing strains had a maximum saturation concentration, and if the initial sugar concentration was satisfied, the growth of the strain could reach this saturation value. Different concentration of initial sugar, the rate of mycelia concentration reaching saturation value is different. Increasing the concentration of initial sugar will decrease the growth rate of mycelia. The concentration of substrate can inhibit the growth of mycelia, and there will be deviation when using Monod equation. Therefore, the Logistic equation is adopted to describe the growth law of mycelia, and the variation of volume during fed-batch fermentation is taken into account. The growth kinetics model of mycelia is as follows:
where: µ is the growth rate of biomass(h −1 ), and V is the volume of the fermentation broth (L). The model of substrate consumption of marine alkaline protease MP can be developed based on material balance of substrate consumption. And considering that carbon source is the only restrictive substrate for marine alkaline protease MP fermentation, which requires a large amount of carbon and consumes fast. The effect of the addition of carbon source (glucose) is considered in the model, the model is expressed as follows:
where: S is the substrate concentration, v is the specific consumption rate of substrate (h −1 ), S c is glucose flow acceleration rate. Marine alkaline protease MP (protein) belongs to secondary metabolite, and there is no coupling between protease MP synthesis and substrate consumption during the fermentation process. High concentration of substrate can obviously inhibit the secretion of protease while maintaining low sugar concentration is beneficial to the secretion of protease MP. At the same time, the protease MP hydrolysis reaction of the strain had some influence on the protease MP itself. Based on this, the enzymatic promoter (Tween-80) and the hydrolysis rate that have an effect on the fermentation process are introduced into the kinetic model of protease synthesis, the model is expressed as follows:
where: P is relative enzyme activity (%), ρ is the specific growth rate of protease, K is hydrolysis constants of protease, and K tw is inhibition constant. Marine alkaline protease MP fermentation process belongs to aerobic fermentation, during which oxygen participates in cell growth and protease synthesis, too high and too low dissolved oxygen is disadvantageous to the fermentation. At the same time, at different stages of cell growth, the cell concentration and cell respiration intensity are different, which results in a great difference in oxygen consumption rate. Therefore, according to the different oxygen consumption in the fermentation process, the dissolved oxygen in the fermentation broth must be dynamically regulated in real time, so that the fermentation process can be carried out normally. According to the aerobic characteristics of marine alkaline protease (MP) fermentation and considering the effect of reactor size on dissolved oxygen level in culture medium. The oxygen volumetric mass transfer coefficient K La of the reactor is introduced into the dissolved oxygen concentration equilibrium equation. Here we assume K La to be a function of agitation power input and flow rate of oxygen, the value of K La is assigned so that the dependence of the concentration of dissolved oxygen on K La showed a very similar behavior to the prediction. The equilibrium equation is as follows:
where: C L is the concentration of dissolved oxygen (mol/L), K La is the volume oxygen-transferring coefficient (m/h), C * L is the dissolved oxygen concentration in saturation status (mol/L), and η is the specific consumption rate of oxygen.
During the marine alkaline protease MP fermentation process, the alkaline pH environment is favorable to the growth of the enzyme producing strain, and the optimum pH value is 9.0-10.0. In addition, the change of pH in fermentation broth has a great influence on the fermentation of marine alkaline protease MP. The high or low pH will affect the specific growth rate of the enzyme producing strain and the specific rate of the formation of protease, which makes the relative enzyme activity weaken. Therefore, during the fermentation process, the pH of fermentation broth is regulated by the flow of nutrients (The increase of sugar and sugar concentration would cause the decrease of pH value, and the addition of ammonia water would cause the increase of pH value and the supplement of nitrogen source), so that it can be maintained in the optimum range. The pH equilibrium equation of fermentation broth is expressed as:
where: pH is acidity and alkalinity of fermentation broth, f c , f nh , f s , f p and f tw are respectively the liquid feeding speeds of glucose, aqueous ammonia, ammonium sulfate, potassium dihydrogen phosphate (KDP), and enzyme-producing promoter (Tween-80). S c , S nh , S p , S tw are respectively the liquid concentrations of glucose, aqueous ammonia, potassium dihydrogen phosphate, and Tween-80. γ is the specific consumption of [H + ]. Based on the above equation of material balance, the kinetic model of the marine alkaline protease MP fermentation process can be expressed as:
where:
are the analytical functions of the respective status variables x, and S i (i = 1, 2, · · · 8) are all constants other than zero and represent respectively the liquid feeding concentration of glucose, hydrolysis constants of protease, inhibition constant, gas saturated oxygen concentration, C * L * K La and the liquid feeding concentration of aqueous ammonia, potassium dihydrogen phosphate (KDP) and Tween-80.
A systematic mathematical model of the fed-batch fermentation process of marine low-temperature alkaline protease MP is developed by using five addition liquid u 1 -u 5 as the input control variables, the first five of the six state variables X (x 1 ), S(x 2 ), P(x 3 ), C L (x 4 ) and pH(x 5 ) as the control variables, and V (x 6 ) as the state variables.
Considering that the dissolved oxygen concentration C L (x 4 ) is usually controlled by a single PID loop in actual marine alkaline protease MP fermentation process, the fourth equation in equation (8) is removed, and the equation (9) is simplified to a complex nonlinear coupled system with four inputs u=(u 1 
Then its complete mathematical expression can be described as:
B. REVERSIBILITY ANALYSIS OF THE MODEL
For the mathematic model of strong coupling system (10), the decoupling of multivariable nonlinear system is carried out based on inverse system theory. The inverse system method can use the state (output) feedback to realize the ''α-order integral inverse system'' of the original system only when the original system is reversible, thus completing the conversion from the nonlinear coupled system to the pseudo linear coupled system. Then, the reversibility of the marine alkaline protease MP fermentation process is analyzed, and the inverse system model is obtained.
Lemma 1: The necessary and sufficient condition for reversibility of system within certain realm of point (x 0 , u 0 ): The system has a relative order a 1 , a 2 , · · ·, a q ,
The Interactor algorithm is adopted to analyze the reversibility of the marine alkaline protease MP fermentation process. The analysis process is as follows:
Firstly, the derivative of the output y=(y 1 , y 2 , y 3 , y 5 ) T is calculated to make it explicit with input u=(u 1 , u 2 , u 3 , u 5 ) T . From formula (11), it can be seen that the first derivative of output y meets the requirement:
In formula (11), x 1 , x 2 , x 3 , x 5 are all greater than zero and S 1 , S 2 , S 3 , S 6 , S 7 , S 8 are all non-zero constants. Let Jacobi 
Thus, there is:
The relative order of the system is α = (α 1 , α 2 , α 3 , α 5 ) T = (1, 1, 1, 1) T , according to Lemma 1, it can be known that 4 i=1 a i = 4 < 5 = n, which shows that the system (10) is reversible and its inverse system can be expressed as:
where: φ(·) is nonlinear function of multivariate vector (x 6 ,ẏ 1 , y 1 ,ẏ 2 , y 2 ,ẏ 3 , y 3 , y 5 ,ẏ 5 ) in the inverse system.
III. IDENTIFICATION AND OPTIMIZATION OF INVERSE MODEL A. MLSSVM ALGORITHM
Traditional least squares support vector machine (LSSVM) is built based on multi-input/single-output (MISO), so it is hard to identify multi-input/multi-output (MIMO) systems [13] . In order to meet the requirement for identification of inversion model in marine alkaline protease MP fermentation process (MIMO). In this thesis, traditional LSSVM algorithm is improved. Traditional LSSVM defines the following optimization problems in the case of a given l pairs of a sample set {(
where: ξ is relaxing factor, γ > 0 is penalty parameter, l is the number of samples, and w, b are separately weight vectors and offsets of the optimal regression function. In this thesis, the quadratic loss function of error is used to replace the relaxing factor in optimization problem (15) , and then the LSSVM multi-input/single-output problem could be transformed into a multi-input/multi-output problem
where: ξ ∈ R l×n , n is the number of output variables,
With the introduction Lagrange multiplier a, a ∈ R m×l , and m being input vectors number, then the optimization problem becomes:
According to KKT optimization conditions:
From the first term and the third term of equation (18), w i = a i ϕ T i (x) and ξ i = a i are respectively obtained, and then they are substituted for the last term in equation (18):
Combine equation (18) with equation (19) to obtain a linear system:
where: K i (x i , x) satisfies the kernel function of Mercer condition. In this thesis, RBF kernel function
] is adopted, with σ being kernel width.
Because the matrix 0
Then, the i-th output of MLSSVM is:
The selection of kernel function parameter σ and penalty parameters γ plays an important role in the building of inverse soft-sensing model when using MLSSVM to identify the system. Traditional parameter selection methods are mostly based on experience and trial-error methods, making it difficult to guarantee accuracy and operating speed. To obtain an inverse soft-sensing model with higher prediction precision, this thesis uses ABC algorithm to optimize and adjust parameters of MLSSVM on-line, then a more accurate soft-sensing model is obtained.
B. ARTIFICIAL BEE COLONY OPTIMIZATION ALGORITHM
Artificial bee colony algorithm (ABC) is an intelligent optimization method which imitates the behavior of bees, and it is a concrete application of cluster intelligence [14] , [15] . Its main feature is that it does not need to know the special information of the problem, only need to compare the advantages and disadvantages of the problem. Through the local optimization behavior of each artificial bee individual, the global optimal value is finally emerging in the group, which has a faster convergence speed.
In the ABC algorithm, the swarm has three types of worker bees: Employed bees, onlooker bees, and scout bees. The employed bees collect specially, the onlooker bees wait to see the swing dance of their companions in the nest, and the scout bees conduct a random search. The number of employed bees and onlooker bees is equal to the number of food source S N . Each solution x i (i = 1, 2, · · · , S N ) is a D dimensional vector, and D represents the number of optimization parameters. After initialization, the employed bees begin a loop search. When the fitness of the new solution is higher than that of the old one, the bees will remember their new solution. The onlooker bees will search according to the possible value of these solutions P i . If the searched solution is updated, the scout bees will abandon the original solution and replace it with the new one.
The employed bees search for new solutions based on their current location, which can be described as follows:
where: k ∈ {1, 2, · · · , S N } and j ∈ {1, 2, · · · , D} are randomly selected, and k = i. φ ij is a random number between [−1, 1].
The possible values for onlooker bees choosing food source can be calculated according to the following formula:
where: f (X i ) is the fitness value of the i-th solution and S N is the number of food sources. If the solution X i update fails, it means that the solution can not be optimized and needs to be replaced by a new solution generated by adopting the following formula:
Due to the ABC algorithm has the ability to jump out of the local optimal solution [16] , [17] , the function optimization results show that the algorithm has better optimization performance than genetic algorithm, particle swarm optimization algorithm, and differential evolution algorithm to optimize the performance parameters of MLSSVM.
When using the ABC algorithm to optimize the MLSSVM parameters, it is necessary to set the relevant parameters and fitness functions, including the initialization of the control parameters in the ABC algorithm. The specific parameters are set as follows: VOLUME 7, 2019 1) Initialize various parameters in the ABC algorithm, the number of food sources S N is 20, the maximum number of cycles of the food source lim it is 50, and the number of termination cycles MCN is 100.
2) For the optimization problem of MLSSVM parameters, (γ , σ ) represents the location of food source, D is set to 2, and the search range of LSSVM parameters is set to [0.01,1000].
3) Set the fitness function in the ABC algorithm. The purpose of optimizing MLSSVM is to reduce the prediction error, so the fitness function is applied as F(X i ) =
1
MSE i
, where MSE i represents the root mean square error of the MLSSVM of i-th solution.
The ABC algorithm considers the search for the local optimal solution and the global optimal solution. It can overcome the local extremum points to a large extent and avoid falling into local optimum, then it can obtain a higher prediction accuracy. Therefore, using this algorithm to optimize the performance parameters of MLSSVM, a more precise inverse system model can be obtained.
C. IDENTIFICATION BASED ON ABC-MLSSVM INVERSION
ABC-MLSSVM is used to identify the inverse model of marine alkaline protease fermentation process (14) , and the kernel function of MLSSVM is Gauss radial basis function. The specific steps of the identification process are as follows:
1) Data acquisition. Appropriate excitation signals are applied to the system during the working area of the marine low-temperature alkaline protease MP fermentation process. Under the premise of satisfying the sampling theorem, the excitation input signal u = {u 1 , u 2 , u 3 , u 5 }, the output response y = {y 1 , y 2 , y 3 , y 5 }, and the internal state x 5 are periodically sampled to obtain the original data sample set {u, y, x 6 }.
2) Data processing. Due to the influence of working condition, manual operation or environment, if there are abnormal data in the acquired sample data, the bad data can be eliminated by observing the frequency distribution of the data to ensure the reliability of the sampled data. At the same time, in order to accurately calculate the required derivatives, according to the structure of the inverse model determined by equation (14) , the first derivativeẏ = {ẏ 1 ,ẏ 2 ,ẏ 3 ,ẏ 5 } of the output is calculated by use the method of higher order numerical differentiation method (five-points derivation method is used herein), and the training data sample sets {y,ẏ, x 6 } and u are obtained, with the former serving as the input of the inverse model, and the latter is the output of the inverse model (i.e. desired output).
3) Off-line fitting and on-line correction. Based on the input/output data set, having MLSSVM undergo off-line training, and adopt the crossover validation method to determine the corresponding initial parameters (γ , σ ), and the initial inverse model can be developed. Then, according to the deviation information between the off-line analysis value in the actual fed-batch fermentation process and the output of the inversion model, go further adopt ABC algorithm to optimize performance parameters of MLSSVM and make online correction on the initial inversion model. Fig.1 shows the on-line correction figure of the inversion model of marine low-temperature alkaline protease MP fermentation process. Four differentiators D are added to the graph to obtain the first derivative.
IV. INTERNAL MODEL DECOUPLING CONTROL
The corrected ABC-MLSSVM inversion model is used as a feedforward controller in series with the marine alkaline protease fermentation process to form a combining pseudo-linear system. Then such a multivariable, strongly coupled complex nonlinear system can be decoupled into four independent combining pseudo-linear systems by feedback linearization (first order integral part 1/(a i1 s + a i0 ) i = 1, 2, 3, 5). As shown in Fig.2 , the system consists of a first-order biomass concentration X (x 1 ) linear subsystem, a first-order substrate concentration S(x 2 ) linear subsystem, a first-order relative enzyme concentration P(x 3 ), and a first-order pH(x 5 ) linear subsystem. However, the combining pseudo-linear system is not an ideal linear system. The inversion model based on ABC-MLSSVM is used as a controller to open-loop control of the marine alkaline protease fermentation process, which often fails to achieve a better control effect. In addition, due to the inevitability of identification error, the robustness of inverse system method itself for the identification error is also unsatisfactory, which is one of the ''bottleneck'' problems of inverse system method in engineering application.
In recent years, the research on intelligent control method and its application in control is very active and has achieved encouraging results [18] , especially the internal model control method developed from chemical process control has been widely used in industrial control [6] , [19] . Theoretical analysis and simulation results show that the method can effectively suppress disturbances and has good robustness to model mismatch [20] . Therefore, based on the ABC-MLSSVM inversion decoupling control, this thesis introduces an internal model controller to compensate for the lack of anti-interference performance and control robustness of the inverse system method.
The vector relative degree is α = (α 1 , α 2 , α 3 , α 4 ) T = (1, 1, 1, 1) T , according to the principle of inverse system and the same order principle of internal model control, then
where: G m− (s) is the reversible part of the internal model G mi (s), F i (s) is low pass filter, and λ i and n i are the constant and order of the filter respectively. The structure of internal model decoupling control based on ABC-MLSSVM inversion for marine alkaline protease fermentation process is shown in Fig.3 .
V. SIMULATION RESULTS AND ANALYSIS
The high-yield low-temperature alkaline protease strain YS-80 (mainly secreting alkaline protease MP) isolated from the Yellow Sea in China is selected as the strain in the laboratory. The experimental verification and simulation analysis are carried out using a microbial liquid fermentation tank with a working pressure range of 0.03-0.1Mpa and a nominal volume of 1m 3 . The flow chart of marine alkaline protease MP fermentation process is shown in Fig.4 . In order to make the experiment close to the actual production process, the initial conditions vary from batch to batch, and the substrate feeding strategy also needs making corresponding change to enhance the differences between batches. The fermentation period for each batch is 100 h, the sampling period t is 5min, the fermentation temperature is controlled at about 28 • C, the pH value is 9.5, the tank pressure and the stirring speed are respectively controlled at 0.04 Mpa and 250 r/min, the dissolved oxygen is controlled between 45% and 75%, and ventilation volume is 1000 L/h.
Considering the actual fermentation process of marine alkaline protease MP, the dissolved oxygen concentration C L (x 4 ) and the fermentation broth acidity-alkalinity pH(x 5 ) are often controlled separately by PID loop. Therefore, this section only carries out experimental analysis and 
A. DECOUPLING EFFECT ANALYSIS
In order to investigate the decoupling effect of the system, the substrate concentration and the relative enzyme activity are respectively constant at 8g/L and 50%, and the biomass concentration jumps from 6 to 8g/L. The comparison of decoupling effect is shown in Fig.5 . It can be seen from 5 that under the control of PID, the substrate concentration and relative enzyme activity fluctuate with the sudden increase of biomass concentration, and the coupling between the parameters is strong. But in the case of internal model control based on ABC-MLSSVM inversion, steady-state error is eliminated and decoupling effect is relatively good.
B. TRACKING EFFECT ANALYSIS
In order to investigate the tracking effect of the system, the substrate concentration and the relative enzyme activity are respectively constant at 8g/L and 50%, and the biomass concentration is tracked at 6-8g/L square wave response. The comparison of tracking effects is shown in Fig.6 . Comparing the response under the two control methods, it can be seen that the internal model control based on ABC-MLSSVM inversion is very effective, which can ensure that the substrate concentration and relative enzyme activity remain unchanged under the condition that the biomass concentration track square wave with no difference.
C. ROBUST EFFECT ANALYSIS
In order to verify the robustness of the system, the biomass concentration and the substrate concentration are respectively constant at 6g/L and 8g/L, the relative enzyme activity is constant at 50%, and 30% external strong interference signal is suddenly added at 60 hours. The comparison of the robust effects is shown in Fig.7 . By comparing the response under the two control methods, it can be seen that under the internal model control based on ABC-MLSSVM inversion, the robustness effect is better, the fluctuation caused by external disturbance is small, so the closed-loop system achieves a good tracking effect.
It can be seen from the simulation results that internal model control based on ABC-MLSSVM inversion can realize the multivariable decoupling of the marine alkaline protease MP fermentation process and has good tracking accuracy. Also, when there is external disturbance or parameter perturbation and nonlinear modeling error, the system has excellent performance, which proves the robustness and anti-interference ability of the internal model control method based on ABC-MLSSVM inversion.
VI. CONCLUSION
In order to realize the dynamic decoupling control and further improve the production efficiency and product yield of marine alkaline protease MP fermentation process, a robust decoupling control method is proposed in this thesis. A multivariable nonlinear ''grey box'' dynamics model of marine alkaline protease MP fermentation is developed. Based on the inverse system method and support vector machine theory, the feedback linearization decoupling control of the nonlinear model is carried out. In order to compensate for the unmodeled dynamics of decoupled pseudo-linear system and suppress interference. An anti-interference robust feedback controller is designed by using internal model control method to realize the decoupling robust control of multivariable nonlinear system in marine alkaline protease MP fermentation process. Simulation and comparative analysis show that this method has better robust stability, simple design and high tracking accuracy than the general inverse system method.
The method proposed in this thesis is a feasible theoretical method to solve the decoupling control of marine alkaline protease MP fermentation process, it does not depend on the exact dynamic model of fermentation process, but it can achieve the ideal identification effect by only using a small amount of input/output data. Connecting the inverse system before the original system can make the system decoupled and to be a pseudo-linear composite system. Thus the MIMO nonlinear coupling problem of the marine alkaline protease MP fermentation process can be solved by adding the controller in the pseudo-linear composite system that is closed-loop controlled. The ABC-MLSSVM inversion decoupling control method has clear physical concept and effectively solves the ''bottleneck'' problem that the accurate model is difficult to be implemented analytically in the traditional inverse system control method, which can realize the decoupling and linearization of general nonlinear reversible systems, and it can be widely used. It supplies a new way for MIMO nonlinear decoupling control.
Although the theory of inverse system method is studied in this paper, the application of ABC-MLSSVM inverse decoupling method is still in its infancy. The perfection of its theory will accelerate the application of this method in practical complex industrial process. For example, decoupling control of unstable inverse systems. The marine alkaline protease MP fermentation process in this thesis is a stable inverse system. The follow-up will carry out the related research on the decoupling control of complex unstable inverse systems.
